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An Iteratve Approachto MultisensorSealce
Classification

QuinnP. RemundDavid G. Long,andMark R. Drinkwater

Abstiact— Characterizing the variability in seaice in the polar regions
is fundamental to an understanding of global climate and the geoptysical
processesvhich govern climate changes. Seaice can be grouped into a
number of generalclasseswith different characteristics. Multisensor data
from NSCAT, ERS-2,and SSM/I are reconstructedinto enhancedresolu-
tion imagery for usein icetype classification. The resulting 12-dimensional
datasetislinearly transformed thr ough principal componentanalysisto re-
ducedata dimensionality and noiselevels. An iterative statistical data seg-
mentation algorithm is developedusing maximum lik elihood and maximum
a posterioritechniques.For a givenicetype, the conditional probability dis-
trib utions of obsewed vectorsare assumedo be Gaussian.The cluster cen-
troids, covariance matrices, and a priori distrib utions are estimated from
the classificationof a previous temporal image set. An initial classification
is producedusing centroid training data and a weighted nearest-neighbor
classifier Thoughvalidation is limited, the algorithm resultsin aniceclassi-
fication which is judged to be superior to a corventional k-meansapproach.

|. INTRODUCTION

ECAUSEthe polarregionsof the earthplay a critical role

in the global climate, the remotesensingcommunityhas
hadakeeninterestin the variability of polarseaice characteris-
tics. Seaice influencesheattransferbetweerthe warmerocean
andcooleratmosphereln this processjce thicknessandden-
sity areparticularlyimportant. Theextentandsurfacecharacter
istics of seaice affect the globalradiationbudgetby regulating
the amountof solarradiationreflectedbackout into space.In
addition, theseregionsinfluencethe planetarywaterexchange
cycle aswell aslocal biotadistributions. Seaice is alsoconsid-
eredasensitveindicatorof longtermglobalclimatechangd1].
Henceanaccurateknowledgeof importantsurfacecharacteris-
tics of seaiceis avaluabletool in acquiringanunderstandingf
thesegeophysicaprocesses.

Microwave remotesensingprovides an excellent meansfor
monitoring polar seaice. Both active and passve microvave
signaturesare much less sensitve to atmospheriadistortions
thanmeasuremenisollectedat opticalfrequenciesThisis par
ticularly truein the Arctic and Antarcticwhereextensve cloud
cover is common. Mary researchstudieshave shavn that mi-
crowave signature®f seaice aresensitve to surfaceparameters
[2]. In addition,microwave sensorglo not requiresolarillumi-
nationto collect measurementsf the surface. However, these
benefitsoftencomeat the expenseof spatialresolution.

Fundamentakeaice characteristicxan be groupedinto a
numberof generakeaice classe®r types.Variousstudieshave
beenpursuedo classifyice type from obsened microwave sig-
natures.A single-banctlassifierusing33.6 GHz passie high-
resolutionaerialmeasurementwas usedon BeaufortSeadata
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[3]. Kwok et al. developeda methodfor classifying high-

resolutionERS-1SAR imageryusing ancillary datafrom me-
teorologicaldatabase$4]. Rignot and Drinkwater also per

formeda MAP classificatioron polarimetricairborneSAR data
andcomparedesultsto highresolutionpassie microwave data
[5]. Haraetal. proposedan unsupervisegolarimetricSAR

multi/first year ice classifierusing a neural network followed
by iterative maximumlik elihoodclassificatior[6]. Theprimary
strengthsof theseapproachese in the high spatialresolution
capability of the instruments. Consequentlyimagepixels are
muchlesslikely to containa mixture of ice types. Lower res-
olution techniquesave alsobeenproposed.Wensnaharet al.

proposed classificatiormethodusingpassve radiometerdata
[7] to estimatethe concentration®f first-year multi-year and
thinicein theArctic. In [8], aclassifierwasdevelopedthatuses
singlechanneb.3 GHz ERSscatterometedata.Finally, a neu-
ral network classifierfor seaice typeis givenin [9]. Thesestud-
iesarerepresentatie of thedifferentwork thathasbeendonein

microwave seaice classification.

This paperpresentsa multisensorseaice classificationap-
proach which usesmultispectral, dual-polarizationdata col-
lectedfrom bothactive andpassve spaceborn@strumentgor
thesegmentatiorof Antarcticdata.ln section?, importantback-
groundinformation is given describingthe instrumentsfrom
which datais collected theimagereconstructionmethodology
theice extentmappingtechniquesandthe basicice type signa-
tures. Section3 introduceghe multivariateanalysistechniques
fundamentato the preprocessingtageof thealgorithminclud-
ing datafusion and principal componentanalysis. The seaice
classificationalgorithmis describedn detail in section4. A
brief derivation of statisticalmeasuresswell ascorvergence
metricsaregiven. Resultsof the applicationof the algorithmto
actualdataarepresentedh section5. Thefinal sectioncontains
theconclusions.

Il. BACKGROUND

Theproposedce classificatiorschemeausegdatafrom several
differentspacebornistruments.This sectionprovidesa brief
backgroundf eachof the datacollectinginstrumentsand the
correspondingce typesignaturesin addition,themethodology
for imagereconstructioris described.Finally, anice masking
algorithmthatremosesopenocearpixelsis summarized.

A. SpaceborndlicrowaveSensos

Datafrom threedifferentsensorsireusedin theclassification
approachwhich follows. The sensorarechoserfor their tem-
poral simultaneityof measurementollectionduring the target
time frame of SeptembeOctober1996. In addition,all of the
selectednstrumentshave large-scalecoveragecapability The
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first dataset comesfrom the NASA scatteromete(NSCAT)

that flew from August1996to Junel1997. NSCAT is a dual-
polarization,dual-svath, fan-beamscatterometethat collects
measurementat multiple azimuthand incidenceangles[10].

Doppler filtering is usedto sggmenteachfan-beamfootprint
into cells with resolutionon the orderof 25 km. Operatingat
Ku-Band(14 GHz), NSCAT has6 vv-pol and2 hh-polbeams.
While NSCAT wasoriginally designedo measurenearsurface
wind vectorsovertheocearsurface,it hasalsofoundgreatutil-

ity in landandice studiessuchasin [11] and[12].

The secondsensoiis the active microwave instrumentfAMI)
aboardthe Europeanremote sensingsatellite (ERS-2) [13].
Onemodeof operationof the AMI is the wind scatterometer
modewhich measurethevv-pol normalizedadarcrosssection
(c°) at several azimuthandincidenceangles.While similar to
NSCAT in its fanbeamconfigurationthe ERS-2scatterometer
hasonly asingleside-lookingswath. Theinstrumentusesange
filtering to resole the measurement® an effective resolution
of about50 km.

Finally, passveradiometedatais usedn concertwith theac-
tive scatterometettatato produceamergeddataset. Thespecial
sensomicrowave imager(SSM/I) aboardthe DefenseMeteo-
rological SatelliteProgramseriesof satellitesis a total-pawver,
sevenchannelfour frequeng radiometef14]. Thechannelsare
h- andv-pol at 19.35,37.0,and85.5GHz andv-pol at 22.235
GHz. BrightnesstemperaturgTg) measurementare collected
from eachchannel. The 3 dB antennafootprints rangefrom
aboutl5-70km in thealong-tracldirectionand13-43kmin the
cross-trackdirection. The 3 dB antenn&gootprints, which are
differentfor eachfrequeng, generallyhave an elliptical shape
on the surfaceof the earthdueto the elevation angleof thera-
diometer{15].

B. Image Reconstruction

While theinherentresolutionsof the variousinstrumentsare
sufficient for the study of large-scalephenomenauchas sur
facewinds or atmospheriparametersthey canbe too low for
usein somestudies.In aneffort to amelioratethis problemand
to placethe dataon compatiblegrids, the scatterometeimage
reconstruction(SIR) algorithmis usedto enhancehe spatial
resolutionof both scatterometeandradiometerdata[16],[17].
SIRis aniterative block multiplicative algebraicreconstruction
techniquehatincreasesheresolutionof reconstructeimagery
throughthe useof multiple passe®f the satellite. SIR utilizes
theincreasedsampling,thoughirregularin geometryand sam-
ple spacingto raisethe sidelobesof the antenngatternin the
spatialfrequeny domainandthusincreaseesolution.

For scatterometersy® (in dB) hasa nearlylinearincidence
angledependencever a limited rangeof incidenceanglesg €
[20°,55°] givenby

0°(dB) = A+ B(6— 40°) 1)

whereAis a® normalizedo 40° incidenceandB is theincidence
angledependencef a®. SIR createsmagesof both A andB
for eachscatterometerNSCAT imagesare reconstructeen a
4.45x 4.45km grid with an effective resolutionon the orderof
8-10km. For NSCAT, the SIR with filtering (SIRF) algorithm
is used[16]. For ERS-2,the medianfilter is not used. ERS-2
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imagesare generatedn a 8.9 x 8.9 km grid with an effective
resolutionof 20—25km.

A univariateversionof SIR canbeappliedto radiometedata
suchasSSM/1[17]. Thelowersidelobesof SSM/Imakeresolu-
tion enhancememhoredifficult. However, aclearimprovement
in resolutionis obsenedin the reconstructedmagery Thatis,
surfacefeaturesaremoreclearlydefinedin SIR imagerythanin
nonenhancednageson the samegrid. SSM/I brightnesgem-
perature(Tg) SIR imagesarereconstructedn a 8.9 x 8.9 km
grid for all channelsexcept85V and 85H which have anim-
provedresolutionandthus,a pixel spacingof 4.45x 4.45km.

All imagesare generatedising six daysof datawith three
daysof overlapin consecutieimages While NSCAT v-pol and
SSM/I can achiere full coverageof the Antarctic ice packin
much lesstime, ERS-2and NSCAT h-pol requirethe full six
days.For consisteng in pixel spacingoetweerthedifferentim-
ages,the 8.9 km imagesare interpolatedto the 4.45 km grid.
All parameteimagesare usedin the classificationexcept for
the ERS-2B imageswhich have relatively high noiselevelsand
are thus discarded. The final memged dataset consistsof 12-
dimensionswith three A, two B, and seven Tg images. Sam-
ple imagesof all 12 typesare shavn in Figure 1 for 1996 JD
261-266.Figure2 shavs two zoomedversionsof theseimages
whichillustratethe Weddell Seaquadraniof the NSCAT v-pol
A andthe SSM/lv-pol 37 GHzimages.Theimageryshavn has
beenmasledwith anice extentmappingalgorithmdiscussedh
thenext section.A significantamountof detailis evidentin the
seaiceregimeof theseémages.Thisis exploitedin theproposed
classificatioralgorithm.

SIR enablesomparisorof sensoron compatiblegrids with
similar resolution. While the SIR algorithmincreaseshe res-
olution of the reconstructednageryof a particularinstrument,
ice motionduringtheimagingperiodis a concern.In a six day
period,seace canpotentiallymovetensof kilometers.Thisrep-
resentssereral pixelsin thereconstructedmagery As aresult,
the classificatiorresultspresentedbelown aretreatedasaverage
behaior duringtheimaginginterval for eachpixel.

C. Ice Masking

Openoceanpixelsin the reconstructedmageryare masled
out for two reasons.First, the seaice classificationalgorithm
presentedbelon usesstatisticalpreprocessintgechniquesvhich
take advantageof the covariancestructureof the datato reduce
the dimensionalityof the dataspace. Since oceanpixels have
typically high covariancevaluesin all of the active andpassie
signaturesundueweightwould be givento oceanpixelsin the
new dataspaceeffectively reducingthe classificatiorpotential.
Secondasignificantnumberof theimagepixelsareopenocean
andtheremoval of thesepixelsreduceghe sizeof the classifi-
cationdataset.

The ice extent mappingalgorithmusedin this studyis de-
scribedin [18]. The techniqueusesthe NSCAT polarization
ratio (Ay/A,) aswell asthe NSCAT v-pol incidenceanglede-
pendencef a® (B,) to discriminatebetweerseaice andocean
pixels. Linear and quadraticsggmentationtechniquesare ap-
plied resultingin an estimateof seaice extent. Sincewind in-
ducedroughnesof the seasurface causesambiguitiesin the
discrimination athird parametgrthe g° estimateerrorstandard
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'+ SSM/I 19V

Fig. 2. SampleWeddellSeaquadranimagesof NSCAT A, (left) and SSM/I
37V (right).

deviation, is introduced. This metric is sensitve to temporal
andazimuthalvariationsduringtheimagingperiodandis con-
sequentlyquite largein regionsof high winds. Throughanem-
pirically dervedthresholdonthis parametemary of theinitial
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seaice extentmappingerrorsare eliminated. Whencompared
with NASA-Team SSM/I-derved ice concentratiormaps,the
NSCAT ice extentedgemostcloselycorrespondsvith the 30%
ice concentratioredge.A similar studyconductedy Yuehand
Kwok foundthatthe NSCAT ice edgewascloseto the NASA-
Team25% edgein the Arctic [19]. While very similar, thedis-
crepanciesnaybeattributedto differencesn the characteristics
of AntarcticandArctic seaice or the analysistechniques.The
NSCAT algorithmis usedfor this studybecauset providesan
ice edgematchingtheimageresolutions.

Figure3 shonvsthe NSCAT andNASA-Teamice edgesplot-
tedoveraC-bandhh-polRADARSAT SARimage. TheNASA-
Team edge was generatedby averagingsix days of datato
be consistentwith the NSCAT imaging interval. While the
RADARSAT imageis not calibratedand someobvious geolo-
cationerrorsexist, a clearly definedice edgeis obsened. Al-
thoughboth edgesare relatively good estimatesof seaice ex-
tent,the NSCAT curve mostcloselyfollowsthe actualice edge
in thisparticularcase For thepurpose®f thisstudy theNSCAT
methodwasusedto ice maskall parameteimageryduringthe
preprocessingtageof thealgorithm.
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Fig. 3. Ice edgecomparisorwith NSCAT edge(black)andNASA-Team30%ice edge(white) plottedover aRADARSAT SAR mosaic(uncalibratedpf aseaice
region [Radarsatlata@© CanadiarSpaceAgeng, 1996]. A portionof Saundes Coastis evidenton theleft of theimageon 20 February1997.

D. Ice TypeSignatues

Datacollectedby NSCAT, ERS-2,andSSM/lareusedo seg-
mentthedatainto six generalcetypesor classesWhile thefol-
lowing discussions basednthegenerabehaior of scattering
andemissiorfrom seaice, in situmeasuremeraveragedor the
variousice classesanbefoundin [8] for C-Bandscatterometer
Antarcticdataand[9] for Arctic SSM/I data.

Thefirst ice typeto be considereds smoothfirst-year(SFY)
ice. This classrepresentselatively youngice which hasnot
beenroughenedy the differentialmotion and deformationof
theice pack. Rangingin thicknesfrom 10 cmto 1 m, smooth
first-yearice is highly salinewith a high densityof brine pock-
etscaughtwithin theice crystallattice. Thehigh salinity causes
this ice type to be very lossy and thus dominatedby surface
scatteringand emissionat virtually all frequenciesusedin the
study The active signaturesexhibit low A andB valuesdueto
the strongincidenceangledependencef smoothsurfacescat-
teringfrom levelice. Ts measurement@reexpectedo berela-
tively high.

Like smoothfirst-yearice, roughfirst-year(RFY) ice is very
salineandlossy Surfacescatteringandemissiondominatethe
signaturesMotion within theice packcausesxtensve rough-
eningof thisice type. In generalthe roughsurfacescattering
causeA valuesto behigherthanfor smoothice typesandB val-
uesto rise (ie, have lessincidenceangledependencdR0], [8].
While passie signaturesarelesssensitve to the differencein
RFY andSFY ice classes]g valuesareradiometricallycooler
for RFY whencomparedo SFYice.

PerennialPER)ice is anotherimportantAntarcticice type.
While multi-yearice is commonin the Arctic, lessAntarcticsea
ice survives more than one summer$ melt sincethe Antarctic
continentimits thesoutherrextent. Regardlessa smallamount
of perennialice canbe found andis includedin the classifi-
cation. Over time, brine drainageresultsin muchlower salin-
ity andhencelower electromagnetiabsorptionin thisice type.
Thisleadsto greateipenetratiordepthsandvolumecontritution

to scatteringandemission.A andB valuesaretypically higher
thanthosefor RFY ice while Tg measuremen@relower.

Anotherseaice type to be consideredn the classifications
theicebeg class(IB) consistingof largefloating platesof fresh
waterice thathave calvedor brokenoff from anice shelf.In the
absencef surfacemelt, this ice classhasvery low lossresult-
ing in alargecontribution from volumescatteringandemission
especiallyat lower microwave frequencieg-urthermore these
targetsmay extend vertically out of the water several tens of
meterstherebyactingasstrongreflectors.As aresult,A andB
arevery highandTg valuesarevery low comparedo otherice
classesThevolumetricscatteringcontributionalsocauses de-
polarizationresultingin similar responsdor bothv- andh-pol
measurements.

Pancale ice is alsoincludedin the classificationeffort be-
causeof its uniqueappearancever extremelylargeareasof the
mauginal ice zoneduring winter ice growth. This ice regime
is normally found in the outer portionsof the ice packwhere
wave action aggreatesand deformsnewly growing frazil ice
into small floes called pancales. The high roughnesof this
typeresultsin asignaturethatis very similarto perennialce in
bothactive andpassve signature$8], [21].

Thefinal ice type is the mamginal ice zone (MIZ). This dy-
namic region of the ice pack consistsof mixturesof ice and
openwater Theopenwatercontribution drivesTg down. Wind
rougheningf the ocearsurfacein theseregionscause# andB
valuesto oftenbe confusedwith otherice types.While pancale
ice is typically foundin the maminal ice zone,the two classes
are consideredseparatelyn this studyin orderto discriminate
betweerregionsof low ice concentratiorin the MIZ andhigh
concentratiorpancale regimesexisting only underice growth
conditions.

Oneof thecomplicatingfactorsin seaice classificatioris the
seasonatlependencef theice typemicrowave signaturesThe
signaturesare most distinct during the Austral winter months
whenice typesexhibit negligible surfacemelt. Hence the dif-
ferenceglueto subsurécecontributionsarestrong.Whentem-
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peraturesise andwatercontentincreasegtypically during the

mid-Novemberto March Austral summemonths),the scatter

ing and emissionfrom lower ice layers becomeincreasingly
masked and surfacescatteringmechanism$egin to dominate.
This causesce type clustersto drift in the 12-dimensionatiata
spacewith someclustersmeming together For this reasonan

effective classificatiortechniquemusthave the ability to adapt
to changingsignaturesn orderto maintaina maximaldegreeof

accurag.

I1l. MULTIVARIATE DATA ANALYSIS

As previously discussedtheclassificatiordatasetconsistof
12 parameterfrom which seaice typeis to be extracted.Addi-
tional preprocessing performedon the datato maximizeclas-
sificationaccurag andminimizerequiredcomputationaéffort.
Sincethe parametersiremeasuredn very differentunits, data
fusiontechniquesreusedto give equalweightingto all of the
data. In an effort to reducethe computationatompleity and
thenoiselevels, principalcomponenanalysiss implemented.

A. DataFusion

Thel2-dimensionadlataspaceconsistof threebasictypesof
datawith differing units. Thefirst datatype, A, is measuredn
dB with atypical rangeof -30.0to 0.0 dB. Theincidenceangle
dependencef ¢°, givenby B, containsdB/deg valuesranging
from -0.4to -0.1 dB/dey. Thelastdatatypeis Tg measuredn
degreeKelvin with seaice valuesfrom 150K to 290K depend-
ing onfrequeng andpolarization.Sinceeachdatatypeis quite
differentfrom the others,standardizatiors requiredto ensure
that eachdatatype is given appropriateweightin the classifi-
cation. The standardapproachs to shift andscalethe dataso
thateachof thel12 parameterhave zeromeanandunit variance.
However, thismayremove someice classnformationthatexists
betweenthe meanresponsesf parametershat are within the
samedatatype. In aneffort to presere theice classdependent
biaseghatexist in eachdatatype,thefollowing standardization
techniquds appliedfor a particularobsenationx

X = (X Heype)

Giype 2

wherepype and oyype arethe collectve meanandstandardde-
viation of all the parameterdelongingto a particulardatatype
(e.g.,A, B, or Tg data)andxs is the new standardizegharam-
etervalue. Hence,the threegeneraldatatypes, A, B, and Tg

are transformedsuchthat they have zero meanand unit vari-

ancethough specific parameterge.g., A, An, etc.) may not
have thesecharacteristics.The resultingdataresidesin a 12-
dimensionalunitlessspacen which eachdatatype hassimilar
rangeandvariance.

B. Principal Componenfnalysis

The high dimensionalityof the classificatiordatasetequates
with significant computationalrequirements. To reducethe
numberof requiredparametersprincipal componentanalysis
(PCA)isimplementedPCAis apowerful dataanalysigool that
effectively rotateshe dataspaceby projectingeachobsenation
ontoa new orthonormabasis[22]. Theresultingbasisvectors
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Fig.4. Eigervaluespectrunfor theprincipalcomponentiatarotationduringthe
imagingintenal of 1996JD 261-266.A large majority of the datavariance
is containedn thefirst few eigemwectors.

are chosensuchthat the first spansthe direction of maximum
variancein the data. Successie vectorsarechoserto spanthe
maximumvariancenot accountedor by previousvectors.

For the classificatiorproblemat hand,datavectorsarecom-
posedof the 12 standardizedalues

3)

where the y; representthe standardizedversions of the
NSCAT, ERS-2, and SSM/I data values. PCA uses an
eigervalue/eigemector decompositionof the data to con-
struct the necessaryrthonormalbasis vectors. The eigen-
value/eigemectorequationis givenby

Y=[y1y2...y12"

KIr=TA 4)
whereK is the 12 x 12 covariancematrix of the standardized
data,l” is a matrix with eigervectorsof K alongthe columns
(whichform a basisfor the original 12-dimensiona$pace)and
A is adiagonalmatrix with the eigervaluesof K alongthediag-
onal (which representhe variancespannedy eacheigervec-
tor). Oncetheseareobtaineda 12 x 1 datavectory containing
standardizegarameterss transformeahroughprojectiononto
thenew basis

2=rTy. (5)
The elementsof Z are called the principal componentscores
[22].

Theanalysigechniqués usedon land/icemaslkedimageryto
producel? principalcomponentmagescomposedf a combi-
nationof informationcontainedn the original parametersThe
pixel valuesin individual PCA imagesrepresentoeficientsof
the eigervectorassociatedavith thatprincipalcomponenscore.
The size of the correspondingigervaluesdeterminethe vari-
anceandinformationalcontentof eachof theimages.For exam-
ple, the PCA transformatiorwas performedfor the microvave
datasetduringtheimaginginterval 1996JD 261-266.Figure4



IEEE TRANSACTIONSON GEOSCIENCEAND REMOTE SENSING,VOL. XX, NO.Y, MONTH 2000

105

Fig. 5. RGB compositeimageof the first threeprincipal componentgor 1996JD 261-266. The red channelis the top principal componenimage,the green
is secondandblueis third. Thisimageis usefulin evaluatingice type informationcontainedn the top threePCA scores.The six training regionsarealso

indicated.

illustratestheresultingeigervaluespectrumClearly, amajority
of thedatavariances containedn thetopfew principalcompo-
nentimagesimplying thatlower PCA imagescanbe neglected
with minimal effect on thefinal classification Wensnahaet al.

suggeskeepingonly PCA parametersvhosevarianceis much
larger than measurementincertainty(corvertedinto principal
componenspace)7]. Suchachoiceof eigervectorsallows in-

formationto be separatedrom noise.Indeed thelower princi-

pal componenimagesusedin this studyappeawery noisywith

imagereconstructiorartifactsdominatingthe features.Hence,
by ignoringtheseeigervectors,we eliminateundesirablenoise
aswell asreducedatadimensionality

Anothermethodfor choosingprincipalcomponentmagess
to keepthe top N PCA transformedimagesthat accountfor

somepredeterminegercentagef thetotal variancen thedata.
For this classificationproject, the eigervectorsthat span90%
of the varianceare kept for usein the datasegmentation.The
90% thresholdwas chosento balanceincreaseccomputational
compl«ity andincreasednformationalcontentwhenincluding
additionalindividual components.Thatis, eigervaluesfor the
principal componentdeyond the first 90% aretypically negli-
gible in comparison.Only threePCA imagesmustbe retained
in the caseof thesampledatasetrepresentind 996JD 261-266
Antarctic seaice data. Theseprincipal componentscoresare
shavn in the compositeRGB imageof Figure5 wherethered
channelcontainsthe maximumvarianceprincipal component
score greencontaingheseconchighestvarianceandbluecon-
tainsthe third highest.Featuredrom all 12 original datavalue
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imagesareevidentin this figure. Thetraining regionsarealso
indicatedandwill bediscussedater

The compositeéimageis composedf a variety of signatures
in the sea-iceannulusaroundAntarctica. For example,pixels
thatcontainknown icebegsarebright orangen theimage.Re-
gionsof old perennialce arevisible in locationswherearesid-
ual amountof old ice have beenobsenredin late winter, such
asnearto the north-eastertip of the Antarctic peninsulg20],
[23]. Signaturesvhich appearloseto thatof perenniaice may
beobsenedin othercoastakzones.n thesoutherdVeddellSea,
apatchof deformedbld ice andfastice maybefoundsurround-
ing a numberof groundedcebegs[8], with a resultingpurple
color. Furthersuchregionsof deformedice may be found in
the Amundsenand EasternRossSeasalong the coast. Large
portionsof the centralice packhave blue andgreenhues.Blue
regionsof undeformednedium,snowv-coveredfirst yearice are
foundin thecentralWeddellandRossSeasywhile greenappears
morecloselyrelatedto theyoungeregionsof first-yearice. For
instanceyecentlyformedice in the RossSea,just north of the
Rossice shelf, andrelatively thinner, salineyoungice formed
aroundEastAntarcticadisplaylargerareasof greenhues.One
factorthat appeargo confirm the relationshipbetweenprinci-
pal componenthreeandyoungice is the appearancef green
in known coastalpolynya regionssuchasalongthe Ronneice
shelffront in the SouthernWeddellSea[8], andin the wake of
thelargedrifting icebegs, suchasthoseobsenred off the Terre
Adelie Land coast,andthosegroundedoff the Amery ice shelf
[24].

Interestingmixturesof browns and cyansare obsened pre-
dominantlyat the outerice mamin. Bright cyan signaturesap-
pearto be extensve regions of pancale ice formation, as for
instancein the region of maximumnorthernice extentin the
AmundsenSea. Brown huesaremoreextensvely found at the
ice magin, andlikely areassociateavith mixturesof deformed
andwavefracturedfloesfoundin themaiginalice zone together
with mixturesof openwaterandice signatures.

Although previous classificatiorefforts have identifiedmary
of these primary cluster types [8], [25] in single channel
datasetsthe unique attribute of the top three principal com-
ponentsshavn in Figure5 is that they shav mixturesof the
primary end-membersPurered may be thoughtof astheice
with themosttypical volume-scatteringignaturesThisencom-
passescebegs,old, thick snav-coveredperennialice, andfast
ice - all with low salinity. In contrastpuregreenappearso indi-
catethe mostdifferentclusterof ice typifying signaturesvhich
have the greatestate of incidence-anglsignaturechangeand
theleastvolume-scatteringjk e signaturesLastly, the pureblue
appeargo imply intermediatdce salinity, andthe leastamount
of surfacedeformations.

PCA canbe usednot only to reducethe dimensionalityand
noiselevels of the data, but to quantitatvely assesshe infor-
mationalcontentof multisensordata.By observingtherelative
magnitude®f theelement®f thefirst few eigervectorspnecan
determindevelsof informationalcontentof the original param-
eters.An exampleis givenin Figure6 in which the coeficient
magnitude®f thetop threeeigervectorsof the sampledataare
plotted. The first eigervectorgivesvery low weightingto the
NSCAT B and SSM/I 85 GHz imageswhile high weightingis
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Fig. 6. Vectorelementmagnitudegor thefirst threeeigewectors.Eigervector
1 spanghe mostdatavariance 2 spanghe secondchighestvariance,and3
spanghethird highest.The parametenumberscorrespondvith 1- NSCAT
Ay, 2- NSCAT Ap, 3- NSCAT By, 4- NSCAT By, 5- ERS-2A,, 6- SSM/I
19V, 7- SSM/I 19H, 8- SSM/I 22V, 9- SSM/I 37V, 10- SSM/I 37H, 11-
SSM/185V, and12- SSM/I85H.

givento the NSCAT A and SSM/I 19H and37H images. The
eigervectorplot canalsobe usedto determinewhich parame-
terscanbe eliminatedfrom the classification.For example,the
first two eigervectorshave very low NSCAT B, andB;, values
indicatingthatthe B datatypesdo not contributeto the majority
of datavariance We notealsothatthethird principalcomponent
eigervectorhasa muchhigherweight on By, thanB, implying
thatoneof the B parametersould be eliminatedwithout major
impacton theclassification.

IV. CLASSIFICATION ALGORITHM

Several techniquesare available for classificationof N-
dimensionabatasets. A nearest-neighbapproachis perhaps
the simplestwhen centroidsfrom training samplesor electro-
magneticmodelscan be obtained. Iterative clusteringalgo-
rithmssuchask-meansor ISODATA represenanothemethod-
ology and searchfor natural clustersin the data. The task
thenremainsto labelthe resultingclustersasdifferentclasses.
In contrastthe proposedapproachs a statisticalclassification
schemawith the goalof maximizingthe probabilityof correctly
classifyingseaice type. This sectionpresentghe classification
methodologythrougha developmentof an iterative maximum
a posteriorialgorithm.

A. StatisticalClassification

The intrinsic value of statistical methodsof classification
stemsfrom the easeof interpretatiorof results.Thatis, statisti-
cal classifiersattemptto maximizea probability measuragiven
somelevel of knowledgeof classdistributions. Two primary
branchesiave evolvedin thefield of statisticaklassificatiorand
estimation:maximumlik elihoodandBayesiarclassification.

Maximum likelihood (ML) methodsas appliedto discrete
classificatiorproblemssuchasthe determinatiorof seaice type
choosethe solutionthat maximizesthe conditionalprobability
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of datavectorobsenationoverall possibleseaice types,

CuL = argmax p(ZC = c) (6)

whereCy is thechoserice class,Z is the principal component
datavector C is a discretevariableof differentice types,and
p(Z|IC = c) is the probability of observingZ given a particular
icetypeC = c. Hence the maximumlikelihoodmethodcanbe
implementedslong asthe conditionaldistributionsareknown.
Unfortunatelythisisrarelythecase A weaknessf thismethod
liesin the factthatthe occurrencef eachseaice typeis effec-
tively consideredo be equal. Consequentlyclasseghatoccur
infrequentlysuchasicebegsaregivenequalweightin thedata
segmentatiorandmay be chosertoo often.
Bayesianmethodsrepreseni@anotherclassof statisticalap-
proaches. This schemerequiresthe definition of a lossfunc-
tion which assignsa penaltyfor misclassificationsThe Bayes
solutionthenminimizesthe expectedlosswhich is alsocalled
the Bayesrisk. Undera uniform loss function this reducesto
a maximuma posteriori(MAP) classifier The MAP technique
treatsthe ice type C asa randomvariableand maximizesthe
probabilityof ice type giventhe obsenationvectorz

P(ZC)p(C)
p(2)

wherep(C) is thea priori distribution. Sincep(2) is fixedfor a
particularobsenation,this reducego

Cwap = argmax p(C|2) = argmax 7

Cmap = argmax p(Z|C)p(C). (8

MAP classificatiorhasanadwantageover maximumlik elihood
techniquesn that the probability of eachclassis includedin
thederivationensuringhatlesslik ely ice typesappeatessfre-
guentlyin the final classification.However, the a priori distri-
bution andthe conditionaldistributionsarerequired.

Undera Gaussiarassumptionthe conditional distributions
are

1

= o3RRS
(ZT[)”/2|KC|1/2

p(ZC) = 9)
where[l. is the meanvectorandK. is the covariancematrix of
ice type c, respectiely. Hence,the statisticalstructureof the
datafor eachice classis completelydeterminedby the mean
vectorsandcovariancematrices.Evenif the Gaussiarassump-
tionis notentirelycorrect,it is consideredo beanimprovement
over the simple equalandisotropicdistribution assumptiorin-
herentto a nearest-neighbalassifiersincethe Gaussianmodel
canaccountfor covariancebetweenseparatgrincipal compo-
nentscores. This allows the classifierto useclustershapesn
additionto the centroidsto segmentthedata.For themaximum
likelihooddevelopmentthemaximizatiorof Eq. (9) canbesim-
plified. After takingthe naturallog (a monotonicfunction)and
alittle mathematicatnanipulationwve obtain

CuL = argmax p(ZC)

Tkl gy 1O
= argmax [—(log|Ke| + (Z— ) K¢ *(Z— )]
whichis equivalentto
CuL = argmirt [log|Ke| + (2— o) K 12— ). (11)
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Fig. 7. Flowchartdepictingthe iterative ice classificationalgorithmfor both
ML andMAP methods.

We notethatthesecondermin Eq. (11)is the Mahalanobiglis-
tancecommonlyusedin Gaussiarclassificatiorproblemg26].
Thus,the ML classificationcanbe interpretedas choosingthe
classcentroidthatminimizesa modifiedMahalanobiglistance.
A similardevelopmentappliedto the MAP equationgields

Cuap = argmax p(ZC)p(C)

-

) (12)

= argmax [ 3 (logli| + (2- o) K (2
+10g(p(O))].

Both ML andMAP methodsareseparatelyusedandcompared
in the seaice classificatiorgivenbelow.

B. Iterative Approach

In orderto fully implementhe ML andMAP techniquesthe
meanvectorspi; and covariancematricesK; of the individual
icetypeclustersarerequiredalongwith thea priori distribution
p(C). While a roughestimateof the clustercentroidscan be
generatedrom smallhomogeneousainingregions, it is more
difficult to obtainreasonablestimate®f the K. matrices.How-
ever, estimatecanbe obtainedthroughan iterative procedure,
assumingthat the statisticalmeasure<orverge to the correct
values.

Figure7 illustratesthe completeprocesdor theclassification
of a time seriesof imagedata. Theinitial SIR-dervedimages
arefirst masled to remove all land and oceanpixels usingthe
ice extentmappingproceduralefinedin anearliersection.The
PCA lineartransformatioris thenperformedto rotatethe coor
dinatespacento orderedmaximumvarianceaxes.Next, there-
sulting 12-dimensionaprincipal componenspaceis truncated
by choosingthe top N eigervectorsthat span90% of the data
variance.
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TABLE |
TRAINING REGION SIGNATURESUSED IN THE INITIAL NEAREST-NEIGHBOR CLASSIFICATION FOR 1996 JD 261-266.

B PER | RFY | SFY | PNC | MIZ
NSCAT A, | -3.19 | -5.72 | -11.02| -17.35| -6.91 | -12.29
NSCAT A, | -3.77 | -5.79| -11.01| -17.34| -6.51 | -13.65
NSCAT B, | -0.20 | -0.14 | -0.23 | -0.25 | -0.20 | -0.22
NSCAT B, | -0.23 | -0.14 | -0.21 | -0.24 | -0.18 | -0.32
ERS-2A, | -4.46 | -9.25| -14.80| -17.96| -11.19| -13.58
19V Tg 224.6| 235.7| 249.2 | 256.6 | 2334 | 1914
19HTg 187.5| 219.1| 218.7 | 241.4| 199.3 | 126.1
22V g 2255| 233.2| 2475 | 254.2 | 2324 | 199.2
37V Te 231.2| 224.1| 242.2 | 249.6 | 221.7 | 213.7
37HTg 204.0| 209.6| 218.3 | 237.2 | 199.0 | 160.3
85V Tg 236.9| 228.2| 239.6 | 234.3 | 223.3 | 240.8
85HTR 219.5| 218.2| 224.3 | 224.2 | 214.2 | 206.2

After the preprocessinganiteratve maximumlik elihoodor
maximuma posterioriclassifieris implemented.Thefirst iter-
ation usesthe [, K¢, and p(C) statisticalmeasuregomputed
from the classificatiorof the previousimageset. Thus,thepre-
cedingclassificationis treatedasa training setto obtaininitial
seaicetypeclustercentroidscovariancanatricesandthea pri-
ori distribution. Dueto the seasonahatureof clustercharacter
istics, the approximated/aluesarelikely erroneous.However,
they represent goodinitial startingpoint for theiterative pro-
cedure.After thefirst iteration,the statisticalmeasuresreup-
datedusingthe currentclassification.Thesearethenusedin a
new classificationThe processteratesuntil predefinedcornver
gencecriteria are met. The resultis a classifiedimagewhich
mapsthe spatialextentof eachseaice type.

Oneimportantissueregardingthe MAP algorithmis the be-
havior of the p(C) estimateduringtheiterations. It is concev-
ablethat an elementof this distribution could go to zeroif the
correspondingce classbhecomesvery scarce. If the ice type
later becomesnore abundant,the zero probability from a pre-
viousiterationprecludesary pixelsfrom beingclassifiedasthis
ice type. While this phenomenoiis not obseredin ary of the
realizationdn this study the problemcanbe solved by setting
somevery low valueasalower limit onvaluesof p(C) prevent-
ing ary of themfrom becomingzero.

C. CorvemgenceMetrics

Two metricsare usedto determinealgorithm cornvergence.
Sincethe Gaussiarclustersare completelydefinedby the cen-
troid vectorsand covariancematrices,appropriatenorms are
usedto obtainscalarmeasuresf individual clusterbehaior as
afunctionof iteration. The Euclideannormis usedto measure
thebehaior of theclustercentroidvectors.The matrix spectral
normof eachcovariancematrix K; is computedasa measuref
theoverallvariancestructureof eachcluster Thespectrahorm
is equialentto the squareroot of the maximumeigervalue of
K{ K. Corvergenceof both metricsfor a particularclusteris
a goodindicationthat the clusterremainsunchangedrom one
iterationto the next.

D. AlgorithmiInitialization

Thealgorithmdescribedboveis arecursve methodthatuses
the classificationresult from the previous imaging interval to
computethe presenteaice type map. In orderto obtainanini-
tial classificatiorresultto startthe processthefollowing proce-
dureis used.Clustercentroidvectorsareestimatedrom small
homogeneousaining regionsderived from a basicknowledge
of seaice type spatialbehaior andexpectedmicrowave signa-
tures. For the ML classifiera simple nearest-neighbafmini-
mumdistanceXxlassificatioryieldsthe needednitial classifica-
tion result. For the MAP method,the datais segmentedwith
a weightednearest-neighbaechniquein which the distances
to eachclusterareinverselyweightedby aninitial estimateof
p(C). While anaccurateestimateof the a priori distribution is
difficult to produceaneducatedestimatecanbe madethrough
aknowledgeof seaice type populationin Antarctica.For exam-
ple,alargemajority of the Antarcticice packconsistof various
typesof first-yearice. Otherclassesare muchlessprevalent.
For eitherML or MAP, the nearest-neighbaolutionis usedto
computethenecessargtatisticfor the classifierandinitiate the
iterative algorithm.

Simulationsof thealgorithmfor boththe ML andMAP tech-
niguesare performed. The simulation data consistsof four
differenttwo-dimensionalGaussiardistributionswith different
meanvectors,covariancematrices,and cardinalities. The dis-
tributionsarechoserto have significantoverlapto increasehe
classificatiordifficulty. Simulationresultsindicatethattheiter-
ative algorithmscorvergeto solutionsthatarevery closeto the
actualML or MAP solutionsgiven two conditions. First, the
individual clustercentroidsmustberelatively closeto theactual
centroids.In the simulations this meanghatthe centroidesti-
matemerely hasto be closerto its actualcentroidthanary of
the others. Secondfor MAP classificationtheinitial distribu-
tion estimateof p(C) mustbeareasonablestimateof theactual
a priori distribution.

V. RESULTS

The iterative algorithmsare appliedto the classificationof
Antarctic dataduring consecutie imaging periodsin Septem-
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Fig. 8. Maximumlikelihoodclassificatiorclustercorvergencemetrics. (Top)
TheEuclideamormsof eachicetypeclusterasafunctionof iteration. (Bot-
tom) The spectrahormsof the covariancematrices.

ber and October of 1996. The algorithm is initiated with
multisensordata from JD 261-266. As notedin the previ-
ous section,the nearest-neighbaegmentationis requiredfor
the first image of the time series. As indicatedin Figure
5, small homogeneousraining regions are definedthrougha
knowledgeof seaice dynamicsandmicrowave signatures.Ta-
ble I containsthe cluster centroidsobtainedfrom thesere-
gions. In additionto the centroids,the MAP algorithm re-
quires an initial estimateof the a priori distribution. For
the 1996 JD 261-266 image classificationwe use p(C) =
[p(IB), P(PER), p(RFY), p(SFY), p(PNC), p(MIZ)] =
[0.01, 0.02, 0.40, 0.45, 0.07, 0.05].

Figures8-9 shav the convergencemetricsasa functionof it-
erationfor theML andMAP classificationstespectiely. After
about25 iterations,all metricshave corvergedrelatively well.
Someminimal centroiddrift is still evidentin thecentroidnorm
trends. Most of the ML centroidnormsshift significantly (and
erroneouslyduringtheiterations.On the otherhand,only two
of the MAP centroidnormsmove significantlyindicating that
the original centroidsare reasonablestimatef the true val-
ues. Figure 10 illustratesthe centroiddrifts in the planeof the
top two principal component$or the MAP implementatiorus-
ing datafor 1996JD 261-266.The startingpointsfor eachcen-
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Fig.9. Maximuma posterioriclassificatiorclustercorvergencemetrics.(Top)
TheEuclideamormsof eachicetypeclusterasafunctionof iteration. (Bot-
tom) Thespectrahormsof the covariancematrices.

troid are denotedwith triangleswhile the final centroidloca-
tions arerepresentedby squares.The effect of the algorithm’s

iterative natureis evident as eachof the points move varying

amounts.Isoprobabilityelliptical contourshave alsobeenplot-

tedsurroundingeachcentroidcorvergencepointusingthe sam-
ple covariancematricesfrom thefinal classification.The major
and minor axesfor eachellipse are2-c wide. This figure not

only shaws iterative migrationof centroids but givesa feel for

how muchseparatiorexists betweendifferentice classesn the

planeof the top two principal components.Tablell contains
thefinal MAP clustercentroidsin the normalparametespace.
Tablell canbe comparedwith Tablel for anindicationof how

muchtheinitial training signaturesveremodified by the algo-

rithm.

Figure 11 depictsthe final ML and MAP seaice type im-
ages. Sincethe ML imagehaslarge regions classifiedas ice-
bergsandperenniaice, we concludehattheML algorithmper
formspoorly. Theprimarysourceof theerroristheML assump-
tion thatall seaice typesareequallylikely. This causelusters
thatshouldhavelow cardinalityto grow to sizessimilarto more
commonicetypes.This effectis responsibldor theundesirable
centroiddrift discusse@bove.

In contrastthe MAP resultexhibits amuchmorereasonable
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TABLE I
ICE TYPE CENTROID SIGNATURES AFTER 25 ITERATIONS OF THE MAP ALGORITHM FOR 1996 JD 261-266.

1B PER RFY SFY PNC MIZ
NSCAT A, | -5.35 | -6.63 | -11.66| -15.17| -7.85 | -11.66
NSCAT A, | -5.85 | -6.67 | -11.77| -15.27| -7.41 | -12.39
NSCAT By | -0.201| -0.154| -0.224| -0.229 | -0.183 | -0.257
NSCAT B, | -0.218| -0.152| -0.221| -0.225| -0.164 | -0.286
ERS-2A, | -6.69 | -9.47 | -13.77| -16.72| -12.18| -12.99
19V T 230.3 | 239.6 | 246.9 | 256.2 | 232.0 | 213.8
19H T 1958 | 219.6 | 217.5| 235.8 | 196.5| 160.8
22V T 230.6 | 237.9 | 2459 | 253.9 | 229.1 | 219.2
37V T 234.1 | 231.2 | 2415 | 248.3 | 2154 | 226.6
37H T 208.2 | 2144 | 219.0 | 230.8 | 192.6 | 184.6
85V Tg 238.4 | 229.0 | 236.8 | 2345 | 211.5| 243.3
85HT 220.5 | 217.3 | 223.4 | 222.3 | 200.7 | 215.8
TABLE Il
L MAHALANOBISDISTANCESBETWEEN CENTROIDS FOR 1996 JD 261-266
4r MiZ PROVIDING A MEASURE OF DISSIMILARITY BETWEEN DIFFERENT
i 2 CLUSTERSIN THE CLASSIFICATION. THE COVARIANCE MATRIX OF THE
sl ] REFERENCE CENTROID IS USED IN EACH COMPUTATION.
~ TestCentroid
§°j 7 1B PER | RFY | SFY | PNC| MIZ
F =| IB 0.0 | 245| 25.0| 59.1 | 70.8 | 111.0
oL ] S[PER| 155 | 0.0 | 79.1| 138.3] 46.3 | 350.2
i E RFY | 27.0 | 17.6| 0.0 8.0 11.5| 215
H O| SFY | 119.2] 67.0| 17.0| 0.0 | 87.9| 180.3
“ar B “g:'a PNC | 23.0 | 129 | 37.9| 120.5| 0.0 | 56.6
; . : Lt . . MIZ | 233165 126 446 | 11.6| 0.0

Fig. 10. Centroidlocationsin the planeof thetop two principalcomponentsor
the MAP classificatiorof 1996JD 261-266data. Theinitial centroids(tri-
angles)aswell asthefinal converged centroidpoints(squarespareshavn.
Also plottedaretheisoprobabilitycontoursaccordingto the samplecovari-
ancematricesobtainedfrom the final classification. The ellipsesare 2-0
wide.

spatialdistribution. Severalicebegsknown from the National
Ice Centericebep inventory are classifiedcorrectly (seeURL
www.natice.noaa.gqg. The largestconcentratiorof perennial
ice is foundjust off thetip of the Antarctic Peninsula.Theice
herehassurvived the previous melt seasorby avoiding being
sweptoutto seaby theWeddellGyre. Roughfirst-yearicein the
classificationsurroundssmoothfirst-yearice which is located
primarily in theinnerportionof theice pack. Thisis consistent
with the classificationresultsin [8]. In addition,the marginal
ice zoneexistson the perimeterof theice packasexpected.

In orderto gainanunderstandingf possiblecross-confusion
thatmay occurbetweerclassesisingthis algorithm,the Maha-
lanobisdistanceas computedetweerthefinal clustercentroids
in principal componenspace.Sincethe Mahalanobidlistance
requiresa clustercovariancematrix and eachcentroidcomes
from a differentcluster one of the centroidsis treatedas the
referenceaindtheotheris consideredhetestvector In thecom-

putation,the covariancematrix of the referencevectoris used.
Theresultsaregivenin Tablelll for the1996JD 261-266clas-
sification. The table contentsmay be interpretedby observing
individualcolumnscorrespondingp atesticetypecluster Each
row valuewithin a particularcolumnis a measuref dissimilar
ity betweenthe referenceandtestvectors. Thus,lower values
correspondvith higherprobabilitythatanice typewill bemis-
classifiedasthe referenceype. For example,the PERcolumn
impliesthatperennialceis muchmorelik ely to bemisclassified
aspancale ice thansmoothfirst-yearice.

As previously stated,the MAP algorithmrequiresan initial
estimateof the a priori distribution p(C). Thetechniques de-
signedto usethe p(C) resultingfrom the classificationof the
previousimageset.However, thefirst classificatiorin the series
requiresthe userto provide anapproximatep(C) for initializa-
tion. In an effort to determinethe sensitvity of the final ice
classificationto the this parametgra Monte Carlo analysisis
performed.Severalrandomrealizationswithin a neighborhood
of anominal p(C) areusedin the 1996JD 261-266imagesey-
mentation. The study shaved that the final spatialdistribution
of ice typesis not particularlysensitve to the original a priori
distribution.

Figure 12 shaws classificationimagesgeneratedising two
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Fig. 11. ML (left) andMAP (right) seaice classification®of 1996JD 261-266Antarcticdata. The ML resultis in errorbecausef the assumptiorihateachice

typeis equallylikely.

Fig. 12. K-meansclusteringclassificatiorresultsof 1996JD 261-266Antarcticdatausingdifferentdistancemetrics. Theleft imageis the corventionalk-means
resultwith the Euclideandistancemetric. Theright is k-meanswith the“MAP distance’metricasdefinedin thetext.

1996 JD 261-266

r~‘/*“\

[ off

Fig. 13. MAP ice classificatiorof theimageserieswith dayrangesl996JD 261-266270-275and279-284.

othermethodsfor comparison.Both wereimplementedusing
the sametraining datafor initial clustercentroids.Theleft im-
ageis theclassificatiorresultof thestandardk-meansclustering
algorithm. The k-meansapproachyields a solutionthat mini-
mizesthewithin clustersumof squaredlistancesinderthe Eu-
clideandistancemetric. Sinceno regardis givento the proba-
bility of ice type,thek-meangesulthasproblemssimilarto the
ML image. The secondmagewasgeneratedisinga modified
form of k-meansin which a “MAP distancemetric” measured

thesimilarity betweerdatasamplesandthecentroids. TheMAP

distancemetric is the negative of the argmaxargumentin Eq.
(12). Theresultingice type mapis nearlyidenticalto the MAP

classification. In fact, the two agreefor 96.5% of the image
seaice pixels. The differencesprimarily occurin the number
of pixels classifiedaspancale ice. Consequentlythe modified
k-mean<lassifierresultis similar to the maximuma posteriori
techniqueesult.

An obvious error in the MAP classificationin Figure 11 is
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theRFY labeledtongueextendingfrom the Rosslce Shelf. The
perimeterof theice shelfis actuallya region of new ice forma-
tion anddivergence Consequentlytheicein thisregimeshould
have beenidentifiedas SFY. The sourceof the discrepang is
likely dueto frost flower formation on the surface of smooth
ice. DrinkwaterandCrocler[27] foundthatfrostflower forma-
tion canyield microwave signatureshataresimilarto RFY ice.
The proposedtlassifierdid notincludea separatelassification
clusterfor thisice type. A usefulline of future researctwould
includea studyof the potentialof segmentingfrost flower cov-
eredice from RFY ice usingthe resultsof Wensnaharj7] and
Ulander[28].

Figure13 shavs thealgorithmresultswhenappliedto atime
seriesof images. The original imagesare generatedvith three
daysof overlap betweenconsecutie intervals. The threeday
spacecclassificationrmapsillustrate stability in theice classes
betweencontiguousimages. Since geophysicalvariability is
greatemonlongertime-scalesywe shav resultsfrom imagessep-
aratedby threeday gaps. The ice mapsin Figure 13 reveal a
numberof interestingeatures First,thetemporakontinuitybe-
tweenthe spatialdistributionsof classesuchasRFY andSFY
ice typesindicatesthatthe algorithmis stable. However, some
misclassificatiordoesoccursuchasthe region of MY ice that
appearsn the outerice mamin of the Weddell Seain the JD
270-275mage.In this case pixelsareexchangeetweerthe
RFY andMY cateories.

Classifiedimagerycan be usedto betterunderstandertain
geophysicaprocessesFor example,the tongueof “RFY” ice
extendingfrom theRosslce Shelfexhibitssomenterestingem-
poralbehaior. As discussegbreviously, thisregionis likely not
RFY ice, but SFY ice coveredwith frost flowersformedas off
ice-shelfwindsdrive theice packnorthwards.Hence temporal
changesn thedirectionof thetonguerelateto changesn wind
directionovertheice packthroughdynamicadjustmentso the
ice drift direction.

Anotherregion of interests in the outerWeddellSeawherea
large region classifiedaspancale ice appearsn thelastframe.
Initially, this featureappeargo beanerrorin the classification.
However, examinationof the original datasetimagesreveals
thatthis classificatiorrelatesto an actualphysicalevent. From
thefirstimagein Figure13to thelast,the scatterometes® val-
uesincreaseseveral dB andthe radiometerTg valuesdrop sig-
nificantly. For example,the averageNSCAT A, valuein the
arearisesfrom -11.2to -7.4 dB. The SSM/I 37V Tg average
decreasefrom 236 to 210 K. The final signaturesare typical
of pancale ice. A possiblecausefor this eventis the occur
renceof storminducedswellspenetratingheice mamgin. Under
suchconditionsjntensecefloe fracturingandwave-washingof
floesareobsenedin thefield. Subsequenteturnof the signa-
turesto valuesmoretypical of the mamginalice zone,andrough
first-yearice confirm that this is an event of transitorynature.
If thisis indeedthe case,it may be possibleto relatepancale
ice “blooms” in ice mamin signaturego increasedvave radia-
tion stressespr to surfaceflooding eventscausedy increased
swells. Furtheranalysisof this phenomenorould comparehe
occurrencef suchsignaturesvith the significantwave heights
obsenedby altimetersin the region of the SouthernOceandi-
rectly off theice margin at thosetimes. Similarly, theseevents
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may be classifiedas“flooding” in future extensionf the algo-
rithm.

VI. CONCLUSION

This studyhasdemonstratethe utility of amultisensoriter-
ative maximuma posterioriseaice typeclassificatioralgorithm
for Antarcticseaice. Theuseof datacollectedfrom multispec-
tral, dual-polarizationactive, andpassie instrumentsncreases
thelevel of informationthatcanbe exploitedin segmentingthe
data.Throughtheuseof principalcomponenanalysisnotonly
is thedatadimensionalityminimized,but theeffectsof noiseand
imagingartifactsarereduced.Theresultingdatasetis classified
in aniterative mannerthat utilizes MAP statisticaltechniques.
The MAP classifierperformsbetterthan ML andthe standard
k-meansandis very similar to a modified versionof k-means
with a differentdistancemetric.

The iterative classificationalgorithm yields ice mapswith
spatialice type distributionsthat are reasonablavhen general
Antarctic seaice dynamicsareconsidered However, while the
algorithm appeargo function well, a more detailedvalidation
studyis needed Unfortunately Antarctic validationdatais dif-
ficult to obtain during this period of sensoroverlap. Though
SAR dataexistsfor continentaAntarctica,seaice SARimagery
duringthe periodspannedy our multisensodatasetis scarce.
Futureresearchwill apply the algorithmto Arctic datawhere
validationdatais muchmorealundantboth spatiallyandtem-
porally, andwherecurrentefforts areundervay to plot ice drift
anddynamicsonaLagrangiargrid.

Several implicationsmustbe consideredn a medium-scale
classificationrsuchasthe methodpresentedn this study First,
the six day imaging period may introduceblurring in the im-
agesdue to sea-icemotion resultingin ambiguoussignatures
andmisclassification.The limiting factorsfor this datasetare
the scatterometerghich needmoretime to achieve full cover
ageof the Antarcticice pack. In thefuture, similar algorithms
maybeappliedusinginstrumentith wider swathssuchasthe
SeaWhds scatterometeon boardthe QuikSCAI and ADEQOS
Il spacecrafts.Furthermore AMSR in conjunctionwith Sea-
WindsaboardADEOSII will provide temporallyandspatially
corgyisteredactive andpassve data. This providesmary of the
channelsrequiredfor sucha methodto be appliedin the fu-
ture. Both SeaWhdsmissionswill reachfull coveragein oneto
two daysratherthansix days. SeaWhds on QuikSCAT is cur-
rently in flight while ADEOSII is scheduledor launchbefore
theendof 2001. Also, therelatively low resolution,evenin the
reconstructedmagery implies that somepixels may containa
mixtureof ice types.Thus,theclassificationresultfor aparticu-
lar pixel is consideredhespatialandtemporalaveragebehaior
of seaice in thatregion. A promisingline of futureresearchs
the extensionof this algorithmfrom a hardto afuzzy classifier
Thatis, for eachpixel the concentratiorof eachice typemaybe
estimatedIt is concevablethatthe MAP probabilitiescouldbe
usedto achievethis. However, agreatemunderstandingf theef-
fectsof within-footprintmixtureson obseredmicrowave signa-
turesis first required.Neverthelessthe algorithmyieldsresults
consistentvith historicice distributionsandexpectations.

This studyhasdemonstrate@ne methodfor the application
of multisensordatasetsto classificationproblems. The useof
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multiple sensorgppearso improvetheability to identify differ-
entclassedy combiningthe inherentstrengthof eachinstru-
ment. The threesensoraisedeachadd uniqueinformationto
assisin sggmentingheimagednto separaté&cetypes.Thescat- [10]
terometersNSCAT andERS-2,aresensitve to surfacerough-
nessyolumeinhomogeneitiesandotherscatteringnechanisms
which vary acrosdifferentice types. In addition,theseinstru-  [11]
mentscollect measurementat multiple incidenceangles. In-
cidenceangledependenceariesover the spectrumof seaice [17]
typesjustifying the valueof this parameterNSCAT in particu-
lar is valuablein thatit collectsdualpolarizationmeasurements
over a wider swath at higherresolution. The primary strength [14]
of the C-BandERS-2lies in greaterpenetrationdepthdueto

its lower frequeny of operation. Unfortunately both of these [15]
sensorgequireseveral daysof datato obtaincompletecover
ageof the Antarctic. SSM/l alsocontributesa greatdealto the  [16]
classification As a passve instrumentthe SSM/I seaice signa-
turesarea morea function of surfaceemissvity anddielectric [17]
propertieghantheir active counterpartsThe wide spectrunof
frequenciesnddual polarizationnatureof the SSM/I channels
offerssensitvity to alargerrangeof surfacepropertieghansin-
glefrequeng/polarizatiorinstrumentsAdditionally, theSSM/I  [29]
measuremertollectiongeometryallows completecoverageof

the Antarctic usually in one day thoughat a lower resolution [20]
thanNSCAT.

(18]
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